number of elements of the microbiome which are associated with disease in the discovery c 1 7 5
are also associated with disease in the respective validation cohorts. The pattern of association for the IBD datasets was dominated by the vast majority of CAGs which 1 8 8 had a positive coefficient, indicating that they were more abundant in participants without IBD (Fig  1  8  9 2B). We therefore investigated the gene-level richness, finding a lower level of gene richness 1 9 0 observed in IBD samples compared to healthy controls ( Fig S3) [17], corroborating previous 1 9 1 observations of lower alpha diversity in IBD [18, 19] . Without our use of the centered log-ratio to 1 9 2 adjust for the compositional nature of these datasets the decreased abundance of a large fraction 1 9 3 of the microbiome may have resulted in a spurious finding that the remainder had increased in 1 9 4 abundance [20] , but in fact we found that very few CAGs were increased in abundance in IBD 1 9 5 relative to the geometric mean of each sample. However, there was a subset of CAGs which were 1 9 6 consistently found to be more abundant in IBD, which may represent those bacteria which are 1 9 7 able to thrive in the environment of the inflamed gut. Indeed, the taxonomic annotation of the 1 9 8 genes in these CAGs is enriched for organisms which have been implicated in some previous 1 9 9 studies of IBD and gut pathogens, including Enterobacteriaceae such as Escherichia, Shigella, 2 0 0 and Salmonella [13, 18, 19] . There was also a set of KEGG annotations that are weakly but 2 0 1 consistently enriched in this set of IBD-associated genes related to colonization and pathogenesis, 2 0 2 such as fimA (K07345), fimD (K07347), iron transport (K02010), and putrescine transport 2 0 3 (K02052; K11072; K11076).
The pattern of association for the CRC datasets was generally balanced between CAGs that were 2 0 6 more or less abundant in healthy participants (Fig 2A) . Of the largest CAGs that were reproducibly 2 0 7 associated with disease, those which were more abundant in healthy participants tended to be 2 0 8 classified as Clostridia (via alignment to NCBI RefSeq), while those which were more abundant in 2 0 9 participants with CRC were more taxonomically diverse (Fig 3A-B) . Moreover, we found the 2 1 0 functional annotations of the genes in those CAGs to be particularly interesting. There were four 2 1 1 KEGG annotations that were significantly enriched in the set of CAGs found to be more abundant 2 1 2 in CRC samples (Fisher's exact test, Holm-Sidak alpha=0.01): 1) grdA (K10670) is involved in 2 1 3 metabolism of glycine/sarcosine/betaine, and higher levels of glycine is a recognized hallmark of 2 1 4 cancer cells [21, 22] ; 2) oxyR (K04761) is a transcriptional regulator which regulates genes 2 1 5 protecting from the biochemical damage induced by reactive oxygen species, of which markedly 2 1 6 higher levels are associated with progressive tumors [23, 24] ; 3) abgT (K12942) is a transporter 2 1 7 responsible for uptake of p-aminobenzoyl-glutamate, and may also import other dipeptides [25]; 2 1 8 and 4) afuA/fbpA (K02012) are transporters responsible for importing iron [26] , which is likely to be 2 1 9 more abundant in the gastrointestinal lumen of individuals with CRC due to bleeding. Three of 2 2 0 these four annotated functions have clear links to the altered environment of the gut microbiome 2 2 1 expected during CRC, and likely promote the growth of these organisms in that setting. It remains 2 2 2 to be seen whether those organisms which are able to thrive in the CRC gut microbiome also 2 2 3 contribute to progression of disease. One advantage of a gene-based approach to metagenomic analysis is that any CAG of interest 2 3 5
. Association of individual microbes with CRC (A & C) and IBD (B & D). A & B show the
can be directly compared with the genomes of bacterial isolates in order to identify strains 2 3 6 containing each gene. Of the set of genes that we identified as consistently associated with CRC 2 3 7 PAGE 8 OF 16
and IBD, we found a number of strains containing large fractions of these genes (Fig 3C-D) . We 2 3 8 furthermore propose that this approach of aligning disease-associated genes to whole microbial 2 3 9 genomes may be used to identify the members of any culture collection which are likely to have 2 4 0 the largest effect in an experimental model of these human diseases. Gene-level metagenomic analysis pipeline 2 6 3 2 6 4
All microbiome WGS data was analyzed using a Docker-based workflow, with each individual step 2 6 5 executed inside a Docker image. The workflow outlined below was executed independently for the 2 6 6 set of samples from Schirmer, et al., as well as for the set of samples from Zeller, et al.
The sequence of analyses is as follows: 2 6 9 2 7 0 1. Each sample was individually downloaded from NCBI SRA with Entrez Direct 2 7 1
• Docker image: quay.io/fhcrc-microbiome/get_sra:v0.4 2 7 2 PAGE 9 OF 16
• Code: https://github.com/FredHutch/docker-sra 2 7 3
• Wrapper script: get_sra.py 2 7 4
• Software version(s): 2 7 5
• sratoolkit.2.8.2-ubuntu64 2 7 6
• CMake3.11 2 7 7
• fastq-pair 4ae91b0d9074410753d376e5adfb2ddd090f7d85 2 7 8 2 7 9 2. Each sample was individually assembled with metaSPAdes 2 8 0
• Docker image: quay.io/fhcrc-microbiome/metaspades:v3.11.1--10 2 8 1
• Code: https://github.com/FredHutch/docker-metaspades 2 8 2
• Wrapper script: run_metaspades.py 2 8 3
• Software version(s): SPAdes-3.11.1-Linux 2 8 4 2 8 5 3. Each sample's metagenomic assembly was annotated using Prokka 2 8 6
• Docker image: quay.io/fhcrc-microbiome/metaspades:v3.11.1--8 2 8 7
• Code: https://github.com/FredHutch/docker-metaspades 2 8 8
• Software version(s): Prokka v1.12; barrnap v0.9 2 8 9
• Wrapper script: run_prokka.py 2 9 0 2 9 1 4. The protein-coding sequences from all of the metagenomic assemblies for a given dataset 2 9 2 were clustered at 90% amino acid identity using mmSeqs2 to create a set of non-redundant 2 9 3 protein sequences 2 9 4
• Docker image: quay.io/fhcrc-microbiome/integrate-metagenomic-assemblies:v0.4 2 9 5
• Code: https://github.com/FredHutch/integrate-metagenomic-assemblies 2 9 6
• Software version(s): biopython==1.70; MMseqs2 v2-23394 2 9 7
• Wrapper script: integrate_assemblies.py 2 9 8 2 9 9 5. Each sample was aligned against the non-redundant protein sequences using DIAMOND, 3 0 0 with post-alignment filtering using FAMLI. The Docker image associated with this step 3 0 1 includes both the DIAMOND aligner and the FAMLI filtering code. 3 0 2
• Docker image: quay.io/fhcrc-microbiome/famli:v1.1 3 0 3
• Code: https://github.com/FredHutch/famli 3 0 4
• Software version(s): DIAMOND v0.9.10; famli==1.0 3 0 5
• Wrapper script: famli 3 0 6
• Parameters: 3 0 7
• min_qual = 30 3 0 8
• min_score = 20 3 0 9
• query_gencode = 11 3 1 0 3 1 1 6. The non-redundant protein sequences were functionally annotated via eggNOG-mapper 3 1 2
• Docker image: quay.io/fhcrc-microbiome/eggnog-mapper:v0.1 3 1 3
• Code: https://github.com/FredHutch/docker-eggnog-mapper 3 1 4
• Software version(s): eggNOG-mapper = 1.0.3--py27_0 3 1 5
• 
